Abstract-Stop-loss rules are often studied in the financial literature, but the stop-loss levels are seldom constructed systematically. In many papers, and indeed in practice as well, the level of the stops is too often set arbitrarily. Guided by the overarching goal in finance to maximize expected returns given available information, we propose a natural method by which to systematically select the stop-loss threshold by analyzing the distribution of maximum drawdowns. We present results for an hourly trading strategy with two variations on the construction.
I. INTRODUCTION
F INANCIAL traders or quantitative researchers have one overarching goal, to maximize expected returns. Now, this can only be gone given available information at present time. Unfortunately, analyzing every piece of information is unfeasible, and choosing which information to process is the crux of their work. In our case, we choose to look at the Maximum Drawdown and how it can be applied to stop-losses.
Stop-losses are a financial element used to mitigate losses by signaling to a trading strategy that it should exit a position. If the price of a traded asset passes the stop-loss threshold, then we conclude that the position is likely to result in further losses in the future and we exit now (possibly locking in a loss at present). In this way, they are an indirect method of maximizing returns (by losing less when the strategy is wrong).
Note that implementing stops is not always beneficial and may reduce overall expected returns of a strategy [2] . They conclude that different regimes can determine whether stops will be useful or not and we will keep this in mind when analyzing our results. We also see "what-if" studies that look into how stop-loss rules could have helped in certain past events [1] . In more practitioner-oriented writings, authors focus on forecasting the price path in order to set the stop threshold [3] .
However, given that a trading strategy is looking to predict market movements, we feel that setting stop-loss thresholds by again predicting the final price point is in essence doublingdown. In this paper, we will try to find a way to systematically determine the optimal stop-loss threshold for a strategy and its traded asset, such that we do not resort to setting arbitrary stop-loss levels and do not have to resort to complex price predictions.
*This is a preprint. Please do not invest your life savings based on this.
A. Signal-Only Strategy
One requirement for the method we will develop is to have a trading strategy with both entry and exit signals. We will use these Signal-Only trades to calibrate our model. While this is unlikely to be restrictive in terms of strategies, it will increase the computational requirements to some degree.
As a case study, and for reproducibility, we will examine the following Signal-Only system using simple moving averages (SMA). Every hour, we compute the 20-hour SMA. If the asset price is above the SMA then we enter a Long position. If at any point in the future (our highest frequency of data is 1-minute) we break below the last computed SMA value, we exit our position. Should we (at an hourly point) break back over the SMA, then we reenter a Long position.
Computationally, we will run the Signal-Only system in parallel and keep track of what trades it would have made -to build the histogram, which we will see below.
II. BACKGROUND AND MOTIVATION
To illustrate some of the issues we face with stop-losses, we can look at the two simulated asset price trajectories in Figure 1 . If these trajectories were plotted from trade entry to exit point, then the blue path would be a winner and the red a loser -closing above and below their entry price, respectively. However, we can see that this win/loss designation can change over time. The blue path started on a drawdown, and eventually rebounded to end the period above the entry price. In this case, tight stops (say, the dashed line) would have led to stop-loss remorse. In order to capture the win, we would have had to set our stop level at the that of the solid line. Meanwhile, the red path started strong and eventually lost its gains and continued on to close at a loss. We would have needed to exit our position earlier, locking in the early gains before the price started moving against us. As discussed, one issue of interest is locking in gains. A common tool to accomplish this is what is commonly known as trailing stop-losses. Instead of calibrating stop levels at, say, 97% of the asset price at time of entry, we instead update the threshold such that it is always at 97% of the highest asset price seen since entry. In this way, we would lose no more than 3% from the maximum, instead of possibly losing out on all the gains made since we entered.
Note that infinitely tight trailing stops are the opposite limit of the Signal-Only system, which itself has no stops at all. While in theory this would limit our losses at the first sign of a downward move, we would experience severe stop-loss remorse. That is the term used to describe the effect of "cutting off winners". That is, some positions will have a temporary loss, only to rebound down the line and exit even higher than they were at the start of the drawdown.
B. Categorization
We have established that we have several types of trajectories: winners and losers. Furthermore, winners can have drawdowns before they exit and losers can have upswings before they crash. The piece of information shared by all these trajectories is that they all have a maximum drawdown at every point in time (theoretically possibly 0).
We can handle losers' upswings with trailing stops, but we now need to find a way to tackle the problem of winners' drawdowns. We cannot set very tight stops, but we likely can't let the threshold be too loose either. After all, we don't know which trajectory will end up winning at present time (we may be incurring more losses than necessary).
This separation of losers and winners -with drawdowns given available information -will form the basis of our methodology.
III. CONSTRUCTION
We now begin developing our framework for systematically finding stop-loss thresholds. We will need 2 components: the magnitude of the drawdowns themselves, and the categorization of that trades' trajectory as a winner or loser.
A. Drawdown Distribution
For each roundtrip trade executed by the Signal-Only strategy, we measure the maximum drawdown (as returns). Given the discrete nature of these results, we will bin the drawdowns into equal-size bins corresponding to their magnitude. Denote the set of these bins as {B i }, with i = 1, · · · , n. This corresponds to the available information we will choose to analyze as quantitative researchers.
Note, however, that we could run into issues of sparsity. If a system trades very little, then we will be hard-pressed to find an n such that we obtain meaningful results. This is perhaps the strongest limitation of our method.
Plotting a histogram of the winning and losing drawdowns might be beneficial to illustrate the next steps -let's look at Figure 2 . Say we enter a position in our live trading strategy and monitor it. We measure the drawdown to be 0.0025. Intuitively, this means we would expect our position to behave like those in the 1st bin. As the drawdown changes, we can place our position in the appropriate bin and judge whether we believe that it will end up losing or winning based on the frequency of wins and losses from the Signal-Only measurements (in this example, we would expect a loss to be more likely).
However, if we set our stop threshold to be 0.01, then our live positions could end up in any bin leading up to that threshold. In this example, we would incur losses more frequently until reaching the 2nd bin (the first where we are more likely to win). These losses are smaller, but it is important to account for all the bins leading up to our threshold.
In general, we wish to identify drawdown intervals for which a position is more likely to end up being a winner. We can formalize this argument by returning to the notion of expectation maximization.
B. Return to Expected Values
We now revisit our intuitive arguments and formalize them. Formally, the value we are looking to ascertain is the expected return (r) of a position given its (currently measured) maximum drawdown (D), or,
We denote winning and losing positions by W, L respectively and indicate our bins by {B i }. Transforming our histogram into equations, we get
where the RHS of equation (2) is measured from the SignalOnly data.
As previously mentioned, when we enter a position, our drawdown can take on any value between 0 and our stop threshold. As such, we need to try to incorporate the likelihood that a drawdown ends up in specific bins, and the returns we could expect in those cases:
where D ≤ B k signifies that D is at most equal to the right endpoint of the bin B k , and we once again measure from Signal-Only trades. Computationally, the expression in equation (3) is analogous to computing the cumulative sum of the vector whose elements are the argument of the sum in (3). That is, we compute a vector of length n whose ith element is E (r|D ∈ B i ) P (D ∈ B i ). We then take the cumulative sum of that vector.
Since our overall objective is to maximize expected returns, we only need to take the threshold that corresponds to the highest value in the aforementioned vector. This gives us our stop threshold
(4)
IV. RESULTS
We will now examine our method on market data from October 17, 2014 to July 22, 2016 -investing $100,000.00 into the asset. We use the same Signal-Only strategy described in Section I, and we implement trailing stops calibrated to T as defined in equation (4), ie, exit the position if the price breaches 1−T times the maximum observed price since entry.
Note that it is not our intention to outperform the market, or a buy-and-hold strategy (which we include for reference), simply to ascertain if the systematic stop method outperforms the Signal-Only method.
No work in quantitative finance would be complete without an examination of performance on the S&P 500 index, or in this case the SPY ETF. As we can see in Figure 3 , our stopping strategy outperforms the Signal-Only method. However, there are periods of under-performance. We provide some additional results in Figure 4 , and as a table in the Appendix.
We immediately notice some troubling results. While we may or may not outperform the asset itself, we do not always outperform the Signal-Only strategy. In the Appendix, we present results for a mix of 114 liquid ETFs, large-cap, medium-cap and small-cap stocks. Our method outperforms the Signal-Only system in only 51.75% of cases. In those cases, it will on average give rise to a 7.16% increase in final net liquidation value (NLV). Unfortunately, losing cases provide an average −8.20% loss, resulting in an overall negative expected gain.
A. Error Analysis
Reflecting on our method, we recall that sparsity of datathat is Signal-Only systems that trade infrequently -could lead to spurious conclusions. Indeed, we may be binning very few values and drawing spurious conclusions about frequencies. In addition, too few measurements would also lead to larger standard errors in the measurement of expected returns.
We can check this by regressing the number of roundtrip trades executed by our Signal-Only system against the change in final NLV (ie, the second and first columns of the Appendix). A scatter plot is shown in Figure 5 . The statistics seem to support our hypothesis that there is a connection, with a Pearson correlation coefficient of ρ = 0.4778, and a p-value of p = 7.6 · 10 −8 -which strongly rejects the null that the slope is 0.
A more detailed study on the size of standard errors in our measurements is recommended for future work, as well as the calibration of n to provide the best binning of our data once its size is determined. Study of this method acting on a particular subset of assets (ie, only large-cap) could also prove beneficial to practitioners.
In the meantime, we can quickly check whether more trade data is beneficial on SPY (for which we have more data), presented in Figure 6 . At least on this singular data point, our method does seem to work with more data at its disposal. One possible shortfall is that going too far back in time might make the Signal-Only data "stale", which is something to keep in mind. Since we don't have data reaching that far back for other assets, we will modify our method in the hopes of making it more flexible. 
B. Rolling Window
In order to address the shortcomings of the original T method, we need to effectively increase the density of our data. This can be done by focusing our analysis on the entry signal and the overall dynamics of the asset over a window of time.
Instead of looking at the Signal-Only trade points, we use every hourly point as a possible entry point and set the corresponding exit point to be l hours ahead. So for each hourly point, we check if the asset price is above the 20-hour SMA, if so we enter a Long position which we exit in l hours. We then take the last m round-trip trades conducted this way to run our analysis and construct our threshold.
The threshold, call it R, is constructed as in equation (4), the only difference is the data contained in {B i }. In essence, we are analyzing the dynamics of the asset on a rolling window of time (in l-hour increments) and focusing on that, combined with our entry signal.
These "trades" we are making to construct our stop threshold overlap with one another and do not account for any exitsignals. However, they provide a much larger number of data points to work with that will hopefully not be too stale. On the other hand, we now have to determine an appropriate l and m. We set l = 20 hours, a full SMA period, and set m = 250 trades (somewhere near the center of our data from Figure 5 ).
We provide results of this R method in Figures 7 and 8 , as well as in the Appendix. Comparing the T and R methods ( Figure 3 vs 7 and 4 vs 8) . We see a clear improvement on both assets.
Looking again to our 114 names, we see an improvement across the board. We now see an increase in final NLV in 57.02% of cases, with average increases of 6.37% and average losses of −6.94%. This gives us an overall expected change in NLV from Signal-Only to R methods of 0.65%.
While our system is clearly not perfect, we believe the evidence of its merit is undeniable. As possible areas to explore to improve it further, we would recommend looking into calibrating l to the mean or mode holding period for the Signal-Only method.
C. Summary and Implementation
We now summarize both methods and discuss some implementation aspects to facilitate extension. Firstly, the parameters: 1) n, the number of bins. This can likely be chosen based on the number of trades (ie, square root method), though it is not yet known whether it should be the same value for all assets. 2) m, the number of "trades" to analyze in the R method.
This may also be varied based on the number of trades that yields good results (ie, Figure 5 ). 3) l, the holding period of "trades" in the R method. This can possibly be optimized based on the statistics of the holding periods in the Signal-Only method. Note that backtesting these methods can be computationally intensive, but that in live use, we would need only to update a few points at a time and it is unlikely to affect performance outside of a high-frequency trading environment.
1) T method:
The T method uses trade data from the Signal-Only method. In essence, run a Signal-Only backtest up to the current time and store the maximum drawdown of each trade. From that, we define bins {B i }.
We then compute the probabilities of winning, losing and the respective average returns conditioned on being in each bin (equation (2)). If these expected values are stored in a vector, then we construct T by taking the cumulative sum of that vector, and getting the index of the maximum value. The right limit of the bin corresponding to that index is our T .
For any trade beyond that point (until we update), we set the stop threshold to be 1 − T times the maximum observed price since entry.
2) R method: The R method uses artificial "trades" and provides a greater number of data points. Using the data available until current time, take every potential trade entry point (in our case, hourly points) and check if the signal would identify an entry. If so, set the exit time of that "trade" to be l points ahead and record the drawdown.
Define bins {B i } and compute the necessary expected values as in the T method. We set the stop threshold in the same way as well.
V. CONCLUSION
We have successfully constructed stop-loss thresholds in a systematic way and tested them on 114 assets. While a relatively small sample, this allows us to conclude that our method is on average quite successful, but imperfect.
It relies on the assumption that past trade data (real or artificial) will be indicative of the asset's behavior in the future. In a sense, we are saying that our signal will behave similarly to what it has done in the past.
Some components to examine in future work include the optimization of parameters n, m, l and a close examination of those assets that did not perform well with our method. A careful look at how those compare to categories highlighted by [2] is of particular interest.
While the T method appears more intuitive, it suffers when using too little data. On the other hand, the R method requires two additional parameters to be chosen. Both can perform well for some assets with an overall increase in performance when using the R method -which reaches the critical point of a positive expected gain from its use. Lastly, given their systematic construction, this allows stop-loss thresholds to evolve with changing market conditions.
APPENDIX
We present all the data in two tables. In each, The first column corresponds to the percent change in net liquidation value at final time between the T method and that Signal-Only method:
The second column is the percent change in net liquidation value at final time between the R method and that SignalOnly method:
The third is the number of round-trip trades made by the Signal-Only system over the entire period. 
